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1. Introduction  
Preventing obesity and mitigating its consequences is a major global challenge. 
Defined by the World Health Organization (WHO) as excessive fat accumulation that 
may present a risk to health, obesity arises from an imbalance between energy 
intake and energy expenditure (Hall et al., 2011). The standard way to define obesity 
is the body mass index (BMI): a person’s weight divided by his or her height squared. 
A person with a BMI between 25 and 30 kg/m2 is considered overweight, while a 
person with a BMI of 30 kg/m2 or more is classified as obese. By this definition, over 
650 million people worldwide were obese in 2016, which means a tripled prevalence 
compared to 1975 (World Health Organization, 2000). If this trend continued, 20% of 
the world population would be obese in 2030 (Kelly et al., 2008). Known health 
consequences of obesity include an increased risk for diabetes, cardiovascular 
disease and certain types of cancer (Basen-Engquist & Chang, 2011; Colditz et al., 
1995; Hubert et al., 1983). 
Moreover, being obese in mid-life increases the odds for brain damage and dementia 
later in life (Beydoun et al., 2008). Prior to these adverse consequences, the brain 
also plays an important role in the development of the “neurobehavioral disorder“ 
obesity (O'Rahilly & Farooqi, 2008). Therefore, in this work, my overarching aim was 
to enhance the understanding of the mechanisms that relate obesity and the brain, 
both regarding the causes, i.e. eating behavior, and the adverse consequences, i.e. 
cognitive decline. To this end, I investigated the links between eating behavior, 
obesity and neuroimaging data in a large population-based cohort. 
In my first study, I sought to identify differences in brain structure that related to a 
specific eating behavior, which is frequently found in obesity. In my second study, I 
investigated how obesity might affect the brain’s intrinsic function and cognitive 
performance in older adults. Modifiable risk factors, like obesity, are important 
determinants of maintaining cognitive health in our aging society. This motivated me 
to strive for a better understanding of the role of obesity in brain aging. 
 
1.1 Central regulation of food intake 
The rise in obesity prevalence has been commonly attributed to a mismatch of body 
physiology and the 'obesogenic' environment. Characteristic for this environment is the 
availability of processed, energy-dense food and a sedentary lifestyle (Hill & Peters, 
1998; Egger & Swinburn, 1997).Through the economic transition of Western societies, 
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it has emerged relatively quickly compared to our (epi)genetic setup (Swinburn et al., 
2011). Our body physiology has evolved to prevent body weight loss in times of food 
scarcity, but does not supply mechanisms to prevent a positive energy balance 
(Speakman, 2008). Thus, some genetic variants, that were possibly advantageous 
during evolution, now correlate with obesity. Many of those are expressed in the central 
nervous system, which indicates that differences in the central regulation of eating 
behavior may play a role in obesity development (Locke et al., 2015; Bouchard, 2008; 
Guerrieri et al., 2008).  
Different brain circuits govern eating behavior in humans by integrating internal and 
external cues (Schwartz et al., 2000; Saper et al., 2002) (see Figure 1). 
 
Figure 1: Different brain circuits interact to regulate eating behavior.  
The homeostatic signaling circuit is based on the hypothalamus (1), a small region receiving 
input from e.g. the gut, fat tissue and the brain stem (2). In this region, hunger and satiety 
are determined based on the bodily status. Motivational salience and wanting is driven by 
the reward network. Rewarding food triggers dopaminergic signaling in nucleus 
accumbens (3) and ventral tegmental area (4). Expected value is encoded in the 
orbitofrontal cortex (5). Executive functions, which impact decision making and action 
initiation, reside in a network of subcortical and cortical brain regions, including nucleus 
accumbens, prefrontal and parietal cortices (3,6,7). Sensory perception of food is 
processed in the primary sensory regions and further modulates these circuits 
(somatosensory cortex: 8, visual cortex: 9). Figure adapted from (van der Klaauw & 
Farooqi, 2015). 
 
The hypothalamus is at the center of the homeostatic circuit, which constantly monitors 
the nutritional state and energy balance. In this region, bodily signals from the 
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periphery, e.g. the gut, fat tissue and the brain stem, are integrated to drive feelings of 
hunger and satiety (Schwartz et al., 2000) (see Figure 1, (1,2)).  
Beyond its nutrient content, food also has a rewarding value. This aspect of food intake 
is processed in the cortico-limbic brain structures of the reward network (Kenny, 
2011)(see Figure 1, (3,4,5)). One important pathway within this network is the 
dopaminergic signaling of “wanting” in ventral tegmental area and nucleus accumbens 
(for more details see (Volkow et al., 2011)). Another important region is the orbitofrontal 
cortex (OFC) where the expected value of a food item is encoded and pre-potent urges 
are controlled (Schoenbaum et al., 2009; Stalnaker et al., 2015).  
The homeostatic and hedonic brain systems are tightly linked, e.g. through signaling 
between the hypothalamus and the nucleus accumbens (Saper et al., 2002; Kelley, 
2004), and additionally integrate signals from sensory perception, memory, emotions 
and executive function (Chen et al., 2016; O'Connor et al., 2008; Allom & Mullan, 
2014). In sum, this complex system enables adaptive food choices that take into 
account internal and external information. 
Comparing obese to normal weight populations, studies have reported differences in 
homeostatic signaling (Considine et al., 1996; Burger & Berner, 2014), reward 
sensitivity (Dietrich et al., 2014; Davis & Fox, 2008) and executive functions, such as 
response inhibition and impulsivity (Amlung et al., 2016; Smith et al., 2011). Subtle 
changes in these brain circuits may thus predispose to eating behaviors, which favor 
a positive energy balance and could ultimately lead to obesity.  
 
1.2 Characteristics of addictive-like eating behavior 
A specific type of eating behavior associated with obesity is addictive-like eating 
behavior, which has been conceptualized as “food addiction” due to behavioral and 
neural similarities with substance addiction (Gearhardt et al., 2009). Within the 
theoretical framework of “food addiction”, addictive-like eating behavior is elicited by 
certain types of food that are strongly processed and high in fat or sugar (Randolph, 
1956). Behaviorally, food addiction has been characterized by features such as 
“continued intake despite negative consequences” and “more intake than intended” 
(Gearhardt et al., 2009). Even though the equivalence of food and addictive 
substances has been intensively debated (Hebebrand et al., 2014; Schulte et al., 
2015), consistent evidence suggests that addictive-like eating behavior is present in 
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the general population with 5-10% prevalence and contributes to obesity in some, but 
not all, obese individuals (Flint et al., 2014; Pedram et al., 2013).  
Functional neuroimaging studies have provided additional evidence of similarities in 
the neurobiology of the reward network that relate substance addiction and obesity 
(Volkow et al., 2013). Altered dopamine signaling in the nucleus accumbens is 
common in substance addiction (Volkow et al., 2007) and also seems to play a role in 
obesity (Wang et al., 2001; Horstmann et al., 2015). Furthermore, similar alterations of 
brain activity in response to rewarding cues have been reported in substance addiction, 
non-substance addiction and obesity (García‐García et al., 2014). Likewise, in 
response to anticipated receipt of food, participants with food addiction showed altered 
reward-related brain activity in the nucleus accumbens, dorsolateral and orbitofrontal 
cortex (Gearhardt et al., 2011; Romer et al., 2019). 
Studies in substance addiction have also highlighted differences in brain structure, 
which may either represent a risk factor to develop an addictive disorder (Durazzo et 
al., 2011; Cheetham et al., 2012; Hill et al., 2009) or plastic change after drug exposure 
(Ersche et al., 2013; Moreno-López et al., 2012). 
Similarly, some studies indicated that structural differences could represent a risk 
factor for weight gain and obesity (Opel et al., 2017; Yokum et al., 2011; Su et al., 
2017a). More specifically, impulsive and compulsive behavior might mediate the link 
between brain structure and obesity (Michaud et al., 2017), as hypothesized for 
addictive disorders (Goldstein & Volkow, 2011). Yet, structural differences in obesity 
have also been shown to be consequences of obesity and related metabolic factors 
(Debette et al., 2014; Bobb et al., 2014; Corlier et al., 2018; Shaw et al., 2017). 
Importantly, causal and consequential differences may be present simultaneously in 
the brain, making these processes difficult to disentangle.  
Taken together, while many studies have reported structural brain differences related 
to adverse consequences of obesity, certain structural alterations might represent 
predisposing factors, e.g. related to impulsive (eating) behavior, as reported in 
addictive disorders. In this context, it remains an open question whether addictive-like 
eating behavior, a behavioral feature of obesity in some individuals, is associated with 
structural brain differences independent of weight status.   
In my first study, I therefore investigated the relation of symptoms of food addiction, 
BMI and brain structure in a large cross-sectional cohort of middle-aged adults. Based 
on the addiction literature, we hypothesized that symptoms of food addiction were 
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associated with structural alterations in fronto-striatal brain areas. We additionally 
assessed BMI-related differences in brain structure and weighted the evidence for the 
involvement of BMI and food addiction in selected regions of interest. We correlated 
symptoms of food addiction and different measures of obesity in our population-based 
cohort and expected a small, positive association. In an exploratory analysis, we 
further investigated whether symptoms of food addiction predicted maladaptive eating 
behaviors, e.g. disinhibited eating behavior (Vainik et al., 2015).  
This study aimed to improve the understanding of the neurobiological mechanisms 
underlying addictive-like eating behavior. Specifically, we were interested to determine 
whether addictive-like eating behavior related to structural alterations, independent of 
BMI. This would imply that certain brain regions and related cognitive mechanisms play 
a role in the successful regulation of eating behavior. If, in contrast, BMI predicted 
structural alterations independent of addictive-like eating behavior, these differences 
would not represent neural correlates of a predisposing factor, but rather 
consequences of obesity related to e.g. diet or metabolic factors. Eventually, a better 
understanding of the causes and consequences of obesity in the brain could support 
specific interventions, addressing e.g. behavioral tendencies like overeating or dietary 
components that might have adverse effects on the brain (Jansen et al., 2015; Dingess 
et al., 2017) 
 
1.3 Obesity as a risk factor for brain damage and cognitive decline 
As introduced above, differences in brain structure and function might represent not 
only risk factors for the development of obesity but also adverse consequences of 
obesity and associated metabolic factors (Romer et al., 2019; Willette & Kapogiannis, 
2015). Regarding the consequences of obesity for cognitive function, several studies 
suggested that an elevated BMI in mid-life led to a later impairment in cognitive function 
(Baumgart et al., 2015; Debette et al., 2011; Singh-Manoux et al., 2012). In these 
studies, obesity mostly affected the domains of executive function and memory.  
Similarly, prospective studies have shown that mid-life obesity was an independent 
risk factor for developing dementia (Beydoun et al., 2008; Baumgart et al., 2015). In 
older age (> 60 years), the effect of higher BMI on cognitive function and dementia risk 
has been more controversially debated (Emmerzaal et al., 2015; Qizilbash et al., 2015; 
Pedditizi et al., 2016). 
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In the past decade, magnetic resonance imaging (MRI)-based neuroimaging has 
provided further support for the view that obesity in mid-life is a risk factor for 
accelerated brain aging and cognitive decline.  
Concerning brain structure, cross-sectional and longitudinal studies have reported 
obesity-associated reductions in local gray matter and global brain volume (Debette et 
al., 2014; Bobb et al., 2014; Gustafson et al., 2004; Kharabian Masouleh et al., 2016; 
Janowitz et al., 2015). Possible mediators between higher BMI and gray matter volume 
(GMV) loss include metabolic changes like hyperglycemia, insulin resistance or 
dyslipidemia, vascular factors, such as arteriosclerosis, and low-grade inflammation, 
which have all been associated with structural brain differences (Corlier et al., 2018; 
Shaw et al., 2017; Benedict et al., 2012; Bos et al., 2012; Warren et al., 2018). 
In addition, lifestyle factors related to obesity, like physical inactivity and dietary habits, 
might have detrimental effects on brain structure and cognitive performance (Erickson 
et al., 2010; Papenberg et al., 2016; Titova et al., 2013; Gu et al., 2015). 
Yet, while obesity-related decline in gray matter structure is well documented (Willette 
& Kapogiannis, 2015; Debette et al., 2011; Kharabian Masouleh et al., 2016; Janowitz 
et al., 2015; Garcia-Garcia et al., 2018), little is known about the association of obesity 
and brain function in older adults.  
One technique to assess brain function is functional MRI (fMRI). FMRI is based on the 
blood oxygenation level dependent (BOLD) signal, an indirect measure of brain 
activity. When acquired during a cognitive task, fMRI measures the time-varying brain 
activity elicited by the task. A fMRI acquisition in absence of a specific task (resting 
state fMRI) captures a proxy of spontaneous brain activity. Importantly, the 
spontaneous activity in distant brain regions consistently correlates across 
participants. Consequently, the strength of this correlation or functional connectivity 
(FC) is used as a measure of the brain’s intrinsic architecture (Biswal et al., 1995; 
Xiong et al., 1999)(for a more detailed description see section 1.4.3). 
In older adults, obesity and related cardiovascular risk factors have been associated 
with reduced task-based fMRI activity (Braskie et al., 2010; Hsu et al., 2015; Colcombe 
et al., 2004; Haley et al., 2007; Marder et al., 2014; Hayes et al., 2017). Resting state 
fMRI studies, which were mainly conducted in young and middle-aged adults, have 
also reported BMI-related differences in FC. These differences were found in brain 
networks involved in internal monitoring (Doucet et al., 2017; Geha et al., 2016; 
Moreno-Lopez et al., 2016), attention (Figley et al., 2016; Garcia-Garcia et al., 2013) 
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and sensory perception (Doucet et al., 2017). Resting state FC in the reward network 
also differed between young obese and lean participants (Garcia-Garcia et al., 2013; 
Contreras-Rodriguez et al.; Coveleskie et al., 2015; Doornweerd et al., 2017; Kullmann 
et al., 2012). 
In older adults (> 60 years), few studies have investigated obesity and FC. The results 
were divergent and included BMI-related differences in interhemispheric FC and task-
based deactivations (Hsu et al., 2015; Luo et al., 2018). Yet, type 2 diabetes, a 
metabolic condition tightly linked to obesity, has been consistently associated with 
altered FC in the medial temporal lobe of middle-aged and older adults (van Bussel et 
al., 2016; Macpherson et al., 2017; Xia et al., 2017). 
Indirect evidence for an association of obesity, related metabolic changes and FC in 
older adults comes from intervention studies. Here, FC changes in response to dietary 
or physical activity interventions and weight loss have been reported (McFadden et al., 
2013; Mokhtari et al., 2018; Prehn et al., 2017; Witte et al., 2014; Casanova et al., 
2016). These findings may be in part linked to improved glucose metabolism and 
insulin signaling (Witte et al., 2014; Köbe et al., 2017; Su et al., 2017b), which is in line 
with important central effects of insulin on different brain circuits (Heni et al., 2015). 
Taken together, previous findings have suggested altered FC to be related to obesity 
also in older adults, with potential relevance for cognitive function (Su et al., 2017b), 
yet to date no systematic evaluation has been performed.  
In the second study of my thesis, I therefore aimed to investigate the association of 
BMI and FC in older age. We hypothesized that higher BMI would be associated with 
differences in brain networks that were previously associated with obesity in younger 
participants such as frontal, attentional, or default mode network (Doucet et al., 2017; 
Geha et al., 2016; Figley et al., 2016). In addition, we investigated whether differences 
in FC would predict cognitive performance in this sample. 
This study aimed to contribute to the understanding of the neurobiological mechanisms 
that relate obesity and brain function in older adults. Thereby it might help to identify 
factors that relate higher BMI with an enhanced risk of cognitive decline. In addition, 
investigating the association of modifiable risk factors for dementia and resting state 
FC might provide further evidence for proposed FC biomarkers of dementia (Jack et 
al., 2013; Teipel et al., 2018). Sensitive biomarkers could be especially beneficial in 
intervention studies that aim to modify risk factors in pre-symptomatic stages (Crous-
Bou et al., 2017).  
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1.4 Assessment of brain structure and function with magnetic resonance 
imaging   
In my work, I have used different magnetic resonance imaging (MRI) methods to derive 
measures of brain structure and function. In the following, I will first introduce the 
principles of MRI (section 1.4.1). Then, I will present the two most important methods 
for my studies: structural MRI (section 1.4.2) and resting state fMRI (section 1.4.3) 
 
1.4.1 A very short introduction to MRI 
MRI is a non-invasive imaging technique employed to visualize biological tissues 
based on the magnetic properties of hydrogen nuclei (McRobbie et al., 2017). 
Hydrogen nuclei, or protons, have a property called spin, which makes them behave 
similar to a magnet when brought into an external magnetic field. There, a small 
proportion of all spins reorients itself along the direction of the external field. This 
results in a net magnetization, which moves around the direction of the main field at a 
characteristic resonance frequency. During MRI, radiofrequency pulses, location-
dependent magnetic field gradients and radiofrequency receiver coils are used to 
manipulate the net magnetization of the hydrogen nuclei and measure its return to the 
baseline state (for detailed information see (McRobbie et al., 2017)). This ‘relaxation’ 
depends on different parameters such as proton density or relaxation constants (T1, 
T2, T2*) that vary between biological tissues. The resulting signal differences, or image 
contrasts, therefore allow us to visualize boundaries between tissues or differences in 
local magnetic properties (Plewes & Kucharczyk, 2012). 
 
1.4.2 Structural MRI: Measuring the size and shape of the brain  
Brain structure or anatomy is often assessed with so-called T1-weighted imaging 
sequences. They provide a good contrast between gray matter (GM), white matter 
(WM) and cerebrospinal fluid (CSF) because of the characteristic T1-relaxation rates 
of these tissues (Mugler & Brookeman, 1991).  
The brain’s GM contains the neuronal cell bodies, which drive brain function, as well 
as non-neuronal cells like astrocytes, microvasculature and axonal fibers. The GMV 
thus indirectly reflects the amount and state of the neurons.  
Using T1-weighted structural MRI, the local signal, i.e. image brightness, in the GM is 
a non-specific measure of the tissue composition. It depends on many biological 
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factors such as shape of the structure, cell density, cell size, water content, iron 
content and myelination (Tofts, 2005). Thus, different methods are available to 
estimate the GMV from this signal.  
One technique to assess local GMV in the cerebral cortex is cortical thickness (CT) 
estimation (Fischl & Dale, 2000). After identification of the boundary between gray 
and white matter (yellow in Figure 2 A) and the GM-CSF boundary (red in Figure 2 A) 
CT (green in Figure 2 A) is calculated as the distance between these boundaries for 
every point of the cortex. 
 
 
Figure 2: Examples of anatomical MRI and resting state fMRI from the LIFE-Adult 
Study. 
A) Top: Coronal slice of a T1-weighted anatomical image. The gray matter-white matter 
boundary is shown in yellow, the gray matter-cerebral spinal fluid boundary is shown in 
red.  Bottom: The cortical thickness at this location of the cerebral cortex is depicted in 
green. B) Top: Average of the resting state fMRI time series. Bottom: BOLD signal 
intensity shown over the fMRI time series for the blue and red region from the top image. 
The signals from the two regions are highly (functionally) correlated. 
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To compare GM structure across subjects, individual CT values are aligned with a non-
linear registration. Then, the CT values for a specific location can be compared inter-
individually.  
For subcortical structures, GMV can be assessed with a tissue segmentation 
algorithm. With this technique, different structures are separated and identified based 
on their signal intensity. Finally, their volume is estimated  (Fischl et al., 2002). 
 
1.4.3 Resting state functional MRI: Investigating the intrinsic brain architecture 
While structural MRI can be used to assess the local volume of gray matter, functional 
MRI (fMRI) is a technique to indirectly measure the activity of this tissue. FMRI is based 
on the BOLD signal which reflects neuronal activity indirectly through neurovascular 
coupling between neuronal activity, cerebral blood flow and blood oxygenation  
(Buxton, 2009). 
In brief, neuronal activity is associated with an increased flow of highly oxygenated 
blood to the active tissue. This decreases the local concentration of deoxygenated 
hemoglobin. Deoxygenated hemoglobin, in contrast to oxygenated hemoglobin, is 
paramagnetic and behaves like a magnet when brought in an external magnetic field. 
Therefore, neuronal activity and the subsequent concentration decrease of 
deoxygenated hemoglobin reduces local field inhomogeneities and leads to a signal 
increase in T2*-weighted imaging (for more detail see (Villringer & Dirnagl, 1995; 
Poldrack et al., 2011)). The imaging contrast parameter T2* is roughly inversely 
proportional to the concentration of deoxygenated hemoglobin. Thus, T2*-weighting 
can be used to indirectly measure the neuronal activity during tasks or in resting 
conditions without specific cognitive demands (resting state fMRI).  
Resting state fMRI (rsfMRI) captures fluctuations of the BOLD signal that are in part 
elicited by spontaneous, not task-related neuronal activity (Fox & Raichle, 2007; 
Winder et al., 2017). Importantly, first rsfMRI experiments discovered that spontaneous 
BOLD fluctuations correlated between anatomically distinct, but functionally related 
brain regions (Biswal et al., 1995; Xiong et al., 1999). In contrast to the spontaneous 
fluctuations of the BOLD signal, which are influenced by many physiological 
parameters, the phenomenon of correlated spontaneous activity, or functional 
connectivity (FC), has been recognized as a meaningful indicator of brain organization 
(see Figure 2B).  
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Following studies have provided evidence that functionally connected regions form 
large-scale resting state brain networks (RSN). RSN largely overlap with task-derived 
networks related to attention, visual and motor function (Fox et al., 2005; Smith et al., 
2009a). Despite ongoing discussion about the origin (Winder et al., 2017; Mateo et al., 
2017) and the strong physiological confounding of the BOLD signal (Birn et al., 2006; 
Shmueli et al., 2007; Power et al., 2015), resting state FC is widely used for assessing 
the intrinsic functional architecture of the brain.  
Regarding the behavioral significance of FC, it has been shown that rsfMRI derived 
measures could predict task-induced BOLD activity (Mennes et al., 2010) and that 
inter-subject FC variability related to differences in cognitive performance in different 
domains (Wang et al., 2010; Ward et al., 2015; Fjell et al., 2017; Salami et al., 2014). 
Furthermore, measures derived from rsfMRI might be sensitive markers of disease (for 
example in Alzheimer’s disease (Damoiseaux et al., 2012; Hafkemeijer et al., 2012)).  
One of the most widely used analysis techniques to investigate FC is Independent 
Component Analysis (ICA), applied in the spatial domain (Beckmann et al., 2005; 
Kiviniemi et al., 2003). Spatial ICA performs a blind source separation on the rsfMRI 
dataset and decomposes it into maximally spatially independent sources and 
associated time courses. The spatial sources can be interpreted as RSN, in which 
spontaneous activity is highly correlated. Group analysis is performed on the individual 
subject representations of the group-level RSN (Erhardt et al., 2011). Spatial ICA is a 
data-driven method that does not depend on the a-priori definition of regions of interest. 
Another advantage is that it yields readily interpretable RSN, which are robust across 
subjects and measurements and correspond to task-elicited networks (Smith et al., 
2009b; Damoiseaux et al., 2006; Zuo et al., 2010). 
Taken together, neuroimaging techniques, like T1-weighted anatomical MRI and 
rsfMRI, provide information on brain structure and function that is relevant to 
understand behavior and disease development. In the context of obesity research, a 
better understanding of the brain’s structural and functional organization may help to 
elucidate both maladaptive eating behavior involved in the development of obesity and 
factors that mediate the epidemiological link between obesity and a higher risk for 
cognitive decline and dementia in aging. 
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Obesity is an important global health factor due to associated comorbidities and its 
pervasive occurrence. According to the WHO, the prevalence of obesity, defined as a 
body mass index (BMI) over 30 kg/m2, has tripled since 1975, with now over 650 million 
obese individuals worldwide (World Health Organization, 2000).  
The development of obesity is complex, but excessive energy intake, in combination 
with a sedentary lifestyle and (epi)genetic factors, is thought to be a main driver (Hill, 
2006). Yet, the neural and behavioral mechanisms that underlie excessive energy 
intake are not fully understood. 
Different brain circuits regulate energy intake and eating behavior. In short, they 
integrate bodily signals, cues from the environment and internal motivations to initiate 
and stop food intake (Schwartz et al., 2000; Saper et al., 2002). Neuroimaging studies 
have shown obesity-related differences in several neural circuits involved in eating 
behavior (García‐García et al., 2014; Hendrikse et al., 2015; Kullmann et al., 2015). 
Yet, few studies have addressed the neural correlates of specific eating behaviors, 
which might provide further insight into the underlying mechanisms of excessive 
energy intake.  
Obesity is associated with adverse health consequences (World Health Organization, 
2000). In particular, several studies have suggested that higher BMI in mid and late life 
is associated with impairment in cognitive function (Smith et al., 2011; Debette et al., 
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2011; Singh-Manoux et al., 2012) and a higher risk for dementia (Baumgart et al., 2015; 
Emmerzaal et al., 2015). Previous neuroimaging studies have supported these findings 
by showing a negative link between obesity, its adverse metabolic consequences and 
brain structure in older adults (Shaw et al., 2017; Debette et al., 2011; Gustafson et al., 
2004). Yet, neurobiological mechanisms linking obesity, cognitive decline and 
dementia remain poorly understood.  
In my thesis, I aimed to contribute to a better understanding of the mechanisms that 
underlie obesity development as well as its adverse consequences in the brain. In my 
first study, I investigated the association of a specific type of obesity-associated eating 
behavior, BMI and gray matter structure in middle-aged adults. In my second study, I 
focused on the link between BMI, functional brain networks and cognitive function in 
older adults. Both studies were performed in subsets of the LIFE-Adult study, a deeply-
phenotyped cohort study based on the general population of Leipzig (Loeffler et al., 
2015). 
My first study “Neuroanatomical correlates of food addiction symptoms and body mass 
index in the general population” addressed the relationship of food addiction, a specific 
type of obesity-associated eating behavior, BMI and brain structure. Despite some 
controversy around the concept, symptoms of food addiction, like loss of control over 
eating, seem to contribute to the development of obesity in certain individuals (Schulte 
et al., 2015; Pedram et al., 2013). Understanding the underlying neural mechanisms 
could therefore help to inform interventions targeting this population.  
Studies in substance addiction have shown that differences in brain structure may 
represent a risk factor to develop an addictive disorder (Durazzo et al., 2011; Hill et al., 
2009). Similarly, structural brain differences might predispose individuals to weight 
gain and obesity, possibly via impulsive-compulsive behaviors (Opel et al., 2017; 
Vainik et al., 2018). Therefore, we aimed to determine whether addictive-like eating 
behavior was associated with specific structural brain differences. Given the adverse 
effects of obesity on the brain in aging, we also assessed the contribution of BMI to 
structural brain differences in this cohort of middle-aged adults.  
In line with the literature, we found a positive association of food addiction symptom 
score, assessed with a self-reported questionnaire, disinhibited eating behavior and 
BMI. Furthermore, we confirmed previous findings of BMI-associated reductions of 
cortical thickness (CT) in frontal, temporal and parietal brain regions (Garcia-Garcia et 
al., 2018; Marqués-Iturria et al., 2013). The results remained largely unchanged after 
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correcting for food addiction symptom score. We concluded that symptoms of food 
addiction do not account for the major part of the structural brain differences associated 
with higher BMI in the general population. Instead, BMI-associated CT reductions 
might be driven by diet or adverse metabolic consequences of obesity (Corlier et al., 
2018; Gu et al., 2015). In a whole brain analysis, food addiction symptom score did not 
predict significant differences in CT or subcortical gray matter volumes. Yet, a 
hypothesis-driven Bayes factor analysis suggested a small, additional contribution of 
the food addiction symptom score to reduced right lateral orbitofrontal cortex (OFC) 
thickness. 
The OFC is a key region of the reward network and plays an important role in impulsive- 
compulsive behavior (Burguière et al., 2013; Zeeb et al., 2010).  Preliminary evidence 
has suggested that individual differences in OFC thickness partly mediate the genetic 
risk for obesity, possibly by provoking, or failing to inhibit, impulsive and compulsive 
(eating) behavior (Opel et al., 2017; Su et al., 2017a). This might indicate a causal role 
for reduced OFC thickness in the development of obesity. On the other hand, a high 
fat diet and adverse metabolic consequences of obesity might harm brain tissue and 
the OFC in particular (Dingess et al., 2017; Thompson et al., 2017). In line with this, 
we found the strongest negative association of BMI and cortical thickness in the 
orbito/prefrontal cortex. To disentangle these associations, future studies investigating 
the underlying neurobiological mechanisms of food addiction should acquire 
longitudinal data.  
Taken together, my first study showed some evidence for a small, but independent 
contribution of food addiction symptoms to OFC thickness, indicating that impulsive-
compulsive behavior plays a role in food addiction symptoms, and possibly the 
development of obesity (Robbins et al., 2012). Importantly, we also showed that BMI 
but not symptoms of food addiction were associated with structural differences in 
subcortical and cortical brain regions in a cohort of middle-aged participants. This 
result suggests that higher BMI could affect brain structure already in mid-life. Thereby, 
it is in line with the view of mid-life obesity as a major risk factor for cognitive decline 
and dementia. Recent neuroimaging studies further supported these findings and 
showed that obesity and related cardiovascular risk factors were negatively associated 
with different measures of brain structure across the lifespan ((Hamer & Batty, 2019), 
own work: (Kharabian Masouleh et al., 2018; Schaare et al., 2019; Zhang et al., 2018; 
Lampe et al., 2019)).  
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Yet, only few studies have investigated the association of BMI and intrinsic brain 
function, assessed with resting state functional connectivity (FC).  Here, diverging 
results in intrinsic brain networks related to attention, reward and internal monitoring 
have been reported for mainly young and middle-aged participants (Doucet et al., 
2017; Garcia-Garcia et al., 2013). FC has been related to cognitive performance and 
may be a sensitive biomarker for normal aging as well as Alzheimer’s disease 
(Hafkemeijer et al., 2012; Salami et al., 2016).  
In my second study “Higher body mass index is associated with reduced posterior 
default mode connectivity in older adults”, I therefore investigated the association of 
BMI and FC in older adults and explored the link to cognitive function.  
The main result of this study was a significant association of higher BMI and reduced 
posterior default mode network (DMN) connectivity, independent of age, sex and 
obesity-related covariates. Head motion during the imaging was as an important 
confounder, yet additional analysis confirmed an independent negative association of 
BMI and posterior DMN connectivity. We also found that posterior DMN connectivity 
partially mediated the association of higher BMI and reduced executive function.  
Decreased default mode connectivity is common in normal aging (Tomasi & Volkow, 
2011) and might also serve as an early biomarker for Alzheimer’s disease (AD), based 
on consistent findings in patients as well as in individuals at risk for AD (Sheline et al., 
2010; Sorg et al., 2007). Along these lines, AD-relevant factors like reduced cognitive 
reserve, physical inactivity and dysregulation of glucose metabolism have also been 
linked to reduced DMN connectivity (Xia et al., 2017; Bastin et al., 2012; Boraxbekk et 
al., 2016). Our finding further suggests that higher BMI is associated with connectivity 
differences similar to those seen in populations at risk for AD. This supports the view 
of obesity being a risk factor for dementia in older age (Beydoun et al., 2008). In line 
with this, we found that higher BMI predicted reduced executive function, partially 
mediated by DMN connectivity.  
Future longitudinal studies have to establish whether DMN connectivity may serve a 
sensitive biomarker for cognitive decline, given the strong confounding effects of head 
motion (Siegel et al., 2017). Furthermore, future research should address the 
neurobiological mechanisms underlying the association of BMI and DMN connectivity. 
One candidate is dysregulated glucose metabolism, which might impair cognitive 
function via altered insulin signaling and might specifically affect the DMN (Xia et al., 
2017; Craft & Watson, 2004). Yet, interventions that target this adverse metabolic 
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aspect of obesity to enhance cognitive function in older adults have so far shown mixed 
results ((Witte et al., 2014; Köbe et al., 2017), own work: (Huhn et al., 2018)). 
Consequently, recent intervention trials have addressed multiple modifiable risk 
factors, including obesity, at once. First results indicate that dementia prevention could 
benefit from taking into account many risk factors simultaneously (Ngandu et al., 2015; 
Andrieu et al., 2017). 
In this work, I have presented two studies investigating the association of BMI, gray 
matter volume and functional connectivity in middle-aged and older adults. The results 
indicated that higher BMI is associated with reductions in brain structure and function 
and supported the view of obesity as a risk factor for cognitive decline and dementia.  
First, my work calls for further research on the specific neurobiological mechanisms 
underlying the association of obesity and brain health. In the cross-sectional LIFE-
Adult study, we have generated hypotheses, e.g. regarding inflammation as a mediator 
of brain damage in obesity (Lampe et al., 2019). Yet, our findings need to be confirmed 
in other cohorts and longitudinal designs, e.g. in the 5-year follow-up of the LIFE-Adult 
study that is currently acquired. 
Second, given the prevalence of obesity and the personal and societal burden that 
comes with dementia, my findings urge for better obesity prevention and treatment. 
Epidemiological studies have shown that even small reductions in obesity prevalence 
may translate into a reduction of dementia cases or delayed onsets of the disease 
(Norton et al., 2014). Public health approaches, e.g.  taxing sugar-sweetened 
beverages, seem to be promising to reach this goal (Escobar et al., 2013). Yet, many 
different modifiable risk factors play a role in the development of dementia and 
therefore our aging society is in need of a multidimensional approach to help to 
maintain cognitive health in older age (Livingston et al., 2017). 
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Appendix 
Supplementary Information for “Neuroanatomical correlates of food addiction 
symptoms and body mass index in the general population”  
 
Details on abdominal MRI acquisition and analysis: 
For the abdominal MRI we used an axial T1-weighted fast spin-echo sequence with 
the following parameters: echo time, 18 ms; repetition time, 520 ms; field of view, 500 
mm×375mm; voxel size, 1.6 mm×1.6 mm×5.0 mm; 5-mm gap between slice;  water 
saturation. To avoid breathing artifacts, all participants were asked to hold their 
breath for 18 seconds, during which 5 slices were recorded. Beginning 10 cm below 
the umbilicus, the images were recorded from feet-to-head direction with 5 cm table 
shift after each acquisition and finishing in the liver region. This took approximately 
10 minutes per subject. All participants were scanned in the supine position with their 
arms above the abdominal region.  
For the data analysis we included 20 slices from each participant that were centered 
in the umbilical region and excluded the diaphragm. We segmented 9 slices under 
and 10 slices above the umbilicus. This ensured that the umbilical region was 
included but adipose tissue beyond the diaphragm was excluded in each participant. 
The graphic evaluation of the abdominal fat tissue was done with ImageJ 1.51r 
(https://imagej.nih.gov/ij/). We first applied a macro which quantifies fat pixels semi-
automatically using an intensity-based algorithm and distinguishes between VAT and 
SCAT, and then had an evaluator correct any remaining bugs manually. Using 
interpolation, the macro calculates adipose tissue volumes as the sum of fat pixels x 
slice thickness (i.e., slice+gap). VAT was defined as adipose tissue within the 
abdominal cavity; SCAT was defined as adipose tissue between the skin and 
musculoskeletal tissues. Intramuscular fat was excluded from the analysis.  
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Supplementary Table S1. Results of the cortical thickness regression analyses 
with YFAS symptom score (YFAS) and body mass index (BMI) for the right (rh) and 
left (lh) hemisphere 
Location Cluster 
size  
(mm2) 
MNI coordinates P 
X Y Z  
Model 1. YFAS  
 
None          
Model 2. BMI       
lh lateral occipital cortex 555.47    -43.9 -77.8 -11.2 <0.001 
 176.22     -41.4 -77.5 -1.6 0.0012 
lh middle temporal cortex 415.44       -48.4    -5.8 -30.6 <0.001 
 82.58    -50.5 -18.2 -15.9 0.032 
lh superior temporal cortex 99.23        -49.7 -5.9   -18.9 0.02 
rh parahippocampal cortex 196.91     37.9   -34.4   -16.0 <0.001 
rh rostral middle frontal cortex 331.42      23.7    57.4   -12.5 0.002 
rh lateral orbitofrontal cortex 
(OFC) 
428.59      27.3    18.8   -10.5   <0.001 
rh isthmuscingulate cortex 128.30       6.1   -45.4    30.7   0.007 
Model 3.       
YFAS (adjusted for BMI) none     
BMI (adjusted for YFAS)      
lh lateral occipital cortex 451.3 -43.9 -78.1 -11.0 <0.001 
 95.1 -41.4 -77.5 -1.6 0.02 
lh middle temporal cortex 349.1 -47.4   -5.2 -31.5 <0.001 
 70.9 -50.7 -18.7   -15.7 0.048 
lh superior temporal cortex 114.6 -49.9    -5.3   -18.8 0.01 
rh parahippocampal cortex 88.26 37.8   -33.4   -16.4 0.02 
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rh rostral middle frontal cortex 155.04 23.7    57.4   -12.5 0.0024 
  115.99 38.7    51.3   2.4 0.01 
rh insula/rh lateral OFC  272.76      27.9    17.4   -10.7   <0.001 
Model 1 we correlated YFAS (Yale food addiction scale) symptom score and 
cortical thickness after controlling for age and sex. In Model 2, we tested the 
correlation between cortical thickness and BMI controlling for age, sex and in Model 
3 we included both YFAS symptom score and BMI controlling for age and sex.  
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Supplementary Table S2. Standardized regression coefficients β/ 95% confidence 
intervals (C.I.) and adjusted R2 for Model 1 (age, sex, YFAS symptom score), Model 2 (age, 
sex, BMI) and Model 3 (age, sex, YFAS symptom score and BMI) for the selected regions 
of interest.   
hemisphere ROI Model 1 Model 2 Model 3 
ß/C.I./adj. R2 ß/C.I./adj. 
R2 
ß/C.I./adj. R2 
rh medial OFC -0.10  
[-0.17,-0.03] 
0.14 
-0.16  
[-0.24,-
0.08], 0.15 
BMI: -0.15 [-0.23, -0.06] 
YFAS:-0.079 [-0.15,-0.005]  
0.16 
lateral OFC -0.14 
[-0.21 -0.07] 
0.15 
-0.18 
[-0.26, -
0.10] 
0.16 
BMI: -0.16 [-0.24, -0.08] 
YFAS: -0.11 [-0.18, -0.03] 
0.17 
superior 
frontal  
-0.023 
[-0.09, 0.04] 
0.13 
-0.075 
[-0.16, 0.01] 
0.14 
BMI: -0.072 [-0.16, 0.01] 
YFAS: -0.012 [-0.09, 0.06] 
0.14 
rostral 
middlefrontal 
-0.047 
[-0.12, 0.03] 
0.085 
-0.10 
[-0.18, -0.0] 
0.091 
BMI: -0.094 [-0.18, -0.009] 
YFAS: -0.032 [-0.11, 0.04] 
0.091 
nucleus 
accumbens 
0.043 
[-0.03, 0.12] 
0.10 
0.025 
[-0.06, 0.11] 
0.10 
BMI: 0.016 [-0.07, 0.10] 
0.041 [-0.04, 0.12] 
0.10 
lh medial OFC -0.053 
[-0.13, 0.02] 
0.096 
-0.063 
[-0.15,0.02] 
0.097 
BMI: -0.054 [-0.14,0.03] 
YFAS: -0.044 [-0.12, 0.03] 
0.098 
lateral OFC -0.051 
[-0.12, 0.02] 
0.17 
-0.103 
[-0.18, -
0.02] 
0.18 
BMI: -0.096 [-0.18, -0.02] 
YFAS: -0.035 [-0.11  0.04] 
0.18 
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superior 
frontal 
-0.013 
[-0.08, 0.06] 
0.21 
-0.072 
[-0.15, 
0.005] 
0.22 
BMI: -0.072 [-0.15, 0.007] 
YFAS: - 0.002 [-0.07, 0.07] 
0.22 
rostral middle 
frontal 
-0.004 
[-0.08, 0.07] 
0.19 
0.047 
[-0.03, 0.13] 
0.19 
BMI: 0.049 [-0.03, 0.13] 
YFAS: -0.012 [-0.084, 0.06] 
0.19 
Nucleus 
accumbens 
0.09 
[0.01,0.16] 
0.084 
0.15 
[0.07, 0.23] 
0.094 
BMI: 0.14 [0.05, 0.22] 
YFAS: 0.07 [-0.01, 0.14] 
0.097 
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